We study the role of consumer confidence in forecasting real personal consumption expenditure. We contribute to the extant literature in three main ways: First, we reexamine existing empirical models of consumption and consumer confidence not only at the quarterly frequency, but using monthly data as well. Second, we employ real-time data in addition to commonly used revised vintages. Third, we investigate the role of consumer confidence in a rich information context. We produce forecasts of consumption expenditures with and without consumer confidence measures using a dynamic factor model and a large, real-time, jagged-edge data set. In a robust way, we establish the independent role of confidence surveys in improving the accuracy of consumption forecasts.
INTRODUCTION
The concept of animal spirits, in the standard Keynesian sense, has influenced economic thinking for a long time and has received renewed and intense attention in the run up to the recent financial crisis and the ensuing recession, cf. Akerlof & Shiller (2010) . The confidence of economic agents and its importance to the economy occupy a central role in this discussion 1 . Consumer confidence, in particular, is typically at the center of attention of the business press. It has also been studied extensively by academics as well as policy makers. This interest is certainly justified given the overwhelming importance of consumer spending for an economy.
Many academic studies, both for the U.S. and internationally, investigate various aspects of the relationship between consumer confidence and consumer spending, at both the micro and the aggregate levels. Souleles (2004) found that aggregate shocks do not hit all segments of the population equally; rather they are systematically mediated by demographic characteristics of households. In addition, given the timing advantage of the standard measures of confidence, as was first emphasized by Howrey (2001) , consumer confidence may have important implications for monitoring the economy in real time and for economic policy, as well as for testing key economic theories, such as the canonical permanent income -rational expectations (PIH/RE) hypothesis.
Consequently, a central preoccupation of the relevant literature, including the papers cited above, is to assess the forecasting power of consumer confidence for consumer spending at the aggregate level. As Ludvigson (2004) comprehensive study discusses, some evidence to that effect is generally found in the literature, but it becomes more modest once a few additional variables that have traditionally been considered in studies of consumer confidence are added to the specification. However, as Ludvigson (2004) and others stress, much of this existing literature has several limitations:
First, quarterly data are commonly used. However, the most widely known measures of consumer confidence (the University of Michigan's Index of Consumer Sentiment (ICS) and the Conference Board's Consumer Confidence Index (CCI)) are available at a monthly frequency, and employing quarterly averages of these monthly indices in models of consumption expenditures may conflate the monthly effects of consumer confidence. 2 Moreover, consumer spending itself, and also many other relevant indicators are available on a monthly basis as well.
Second, revised data on the relevant variables are employed, as opposed to the data that were actually available in real time, i.e., before any revision that only became available at subsequent points in time. Of course, for monetary policy purposes, or more generally, for the purpose of assessing the real-time forecasting power of consumer confidence, real-time data should be used.
Third, the regression models used to assess the predictive power of consumer confidence typically include only a small number of additional variables, i.e., a rather small information set, whereas many more variables, possibly in the hundreds, are available that are potentially relevant to consumption forecasting.
In this study, we provide what is arguably a more realistic assessment of the predictive power of consumer confidence on consumer spending by addressing all of the three issues mentioned above using more recent data.
Our starting point is Ludvigson (2004) . We extend some of the existing models using monthly and real-time data, in addition to quarterly and revised vintages. We also employ a large real-time data set with close to two hundred explanatory variables at the monthly frequency in order to assess the marginal impact of confidence on consumer spending in the context of such a large information set in real time. In this setting, a dynamic factor model is preferred to deal with the challenges, such as the proliferation of parameters (Stock & Watson (2011) , Banbura et al. (2013)) . 2 In what follows, we use the word "sentiment" and "confidence" interchangeably.
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Through a series of exercises using the framework first developed by Giannone et al. (2008) , we gain insight on the marginal impact of consumer confidence on consumer spending in real time by comparing consumption forecasts based on information sets with and without consumer confidence measures. In contrast to much of the existing literature, we consider both in-sample and out-of-sample forecasts. Our results generally establish the undeniable importance of consumer confidence in forecasting aggregate consumption.
The rest of the paper is organized as follows: Section 2 provides some discussion of the important aspects of the consumption and consumer confidence data.
Section 3 revisits some models used in the existing literature on the predictive power of consumer confidence. Section 4 outlines the dynamic factor approach and assesses the predictive power of consumer confidence in real time when it is a part of a large information set. Section 5 concludes.
CONSUMPTION AND CONSUMER SENTIMENT: A CLOSER LOOK

AT THE DATA
Consumer spending accounts for about two-thirds of domestic final spending in the United States. The primary measure of consumer spending on various types of goods and services is real personal consumption expenditure (PCE). It covers purchases made by households and nonprofit institutions serving households (NPISHs). PCE data come from Personal Income and Outlays released by the Department of Commerce, Bureau of Economic Analysis (BEA). It can be measured by type of products or by function (health, recreation, communication, etc.) . In this study, we examine the total PCE and PCE by main types of products: durable goods, nondurable goods, and services. PCE data are available at both the monthly and the quarterly frequencies. The quarterly series are released every month together with the GDP series, typically in the last week of the month. Similar to the GDP series, there is a one-quarter lag between the end of a period and the release of data covering that period. Advance 4 estimates of PCE are released for the previous quarter at the end of the first month of each quarter. At the end of the second and the third months, the preliminary and the final estimates for the previous quarter are released, respectively. The monthly series are released one day after the release of the quarterly series. The publication lag for the monthly series is one month. Monthly PCE series are also subject to revisions. Such revisions are announced in the monthly releases.
The two monthly PCE values for the first two months (released at the end of the second and the third month of a quarter) play an important role in forecasting the quarterly PCE for that quarter and beyond, before the advance release of the quarterly value becomes available. This implies that to someone forecasting in real time, every release, both quarterly and monthly, contains some additional information not present in any of the previous releases. To our knowledge, monthly PCE series have not been used in any study of the relationship between consumer confidence and consumer spending. We thus consider using the monthly consumption series (in addition to their quarterly counterparts) as one of our main contributions. Public and media attention is usually concentrated on the final releases, which are quite timely, and subject to no further revision. Furthermore, and as discussed in the introduction, the existing literature employs quarterly data, which can mask important information available at monthly 4 See Ludvigson (2004) for more detailed discussions. 8 frequency. Thus, in the exercises that follow, we use both quarterly and monthly data.
EXISTING MODELS EXTENDED
A number of attempts have been made in the literature to quantify the importance of consumer confidence measures in explaining and predicting quarterly consumption expenditures. In this section, we first re-examine some of the main empirical models used in previous studies (e.g., Carroll et al. (1994) ; Bram & Ludvigson (1998); Ludvigson (2004) ), and then extend them to model monthly consumption expenditures. In the process, we focus on the significance of the confidence measure and the change in the model's explanatory power due to the addition of this measure.
A Univariate Approach
We first consider a simple model of consumption expenditure where consumer confidence is the only predictor, in addition to the lagged values of consumption.
For time period t, let C t be (a type of) consumption expenditure, and let S t be (a measure of) consumer confidence. We estimate the following model:
where, following the literature, the number of lags τ is set to 4. We estimate this In general, the model's explanatory power is similar to that found in the existing literature using quarterly data (see Ludvigson, 2004) . Since the monthly consumption series is significantly more volatile than the quarterly values, thē R 2 value of the monthly model is almost one-half of that using quarterly model (0.17 vs. 0.36 for total consumption). The coefficient of sentiment in the monthly regression was 0.180, compared to 0.098 in the quarterly regression, both statistically significant at 5% level of significance. In the table, incrementalR 2 s are the difference between theR 2 of the above model with S t−i (equation (1) Michigan sentiment measures, a 7.5% increase inR 2 is observed in models of real-time quarterly consumption expenditures, while a 3.2% increase is observed in models of monthly expenditures. In models using the Conference Board confidence measures, an average of 7.1% incrementalR 2 is observed in quarterly models; and an average of 2.6% increment is observed in monthly models. Table 1 presents results based on revised quarterly consumption data as well. These figures are somewhat lower than their real-time counterparts. Thus, the use of real-time data seems to enhance the effect of confidence measures.
Models with Additional Variables
Despite clear evidence of the importance of consumer confidence measures in models of personal consumption expenditures from the exercise above, it remains a question whether sentiment measures contain unique information that is not available in other aggregate measures of economic activity. To investigate this question, we consider the following specification:
where in the benchmark model, apart from lagged values of consumption expenditures, there is a set of baseline macroeconomic variables that are typically included in the existing literature (see, inter alia, Carroll et al. (1994) ; Ludvigson (2004) ).
We include in Z t the return to S&P500 index, the 3-month Treasury-Bill rate, and labor income growth which is wages and salaries plus transfers minus personal contributions for social insurance. We estimate the quarterly models using both real-time and revised data and the monthly models using revised series. 6 The results are reported in Table 1 as well (columns labeled "With Additional
Variables"). Similar to the results in the previous subsection, in all 16 models (corresponding to 4 types of consumption and 2 measures of confidence for both the Conference Board and University of Michigan), including consumer confidence measures increases theR 2 , but the effect varies on the specification considered.
On average, in quarterly models using the University of Michigan sentiment measures, a 5.6% increase inR 2 is observed -1.9% less than that of the models without additional variables. In models using the Conference Board confidence measures, an average increase of 5.6% is also observed -a 1.5% decrease from the previous set of models. For the monthly models, the explanatory power in the presence of the extra regressors is about the same as before: On average, in models using the University of Michigan sentiment measures, a 3.2% increase inR 2 is observed. In models using the Conference Board confidence measures, an average increase of 2.8% is observed.
These results suggest that the contributions of consumer confidence measures in explaining consumption expenditures are statistically significant in most cases, but are, arguably, of modest size, as found in most other studies. 7 There is little doubt that confidence does contain a significant amount of information that is not found in a few standard macro-economic variables. However, while the explanatory variables used here are the standard choices in the literature, there are many other variables with potentially significant explanatory power for consumption. Therefore, the findings reported above could be an artifact of having employed an information set that is too restrictive. It is conceivable that the information contained in consumer confidence measures could simply be a combination of the information found in a large number of macroeconomic indicators not included in the above models.
observations is limited to the hundreds. Yet, potentially useful variables also come in the hundreds, which of course makes the classical linear regression model a poor choice. So we employ here an approach that allows us to address this challenge.
The approach we use in this section is based on the dynamic factor model of Giannone et al. (2008), henceforth GRS. We first introduce the model, the explanatory variables, and discuss associated issues. Then we explore the effect of sentiment on the accuracy of consumption forecasts through out-of-sample pseudo-real-time exercises. Finally, we assess the marginal contribution of sentiment to consumption forecasts again, but now in the context of real-time data. The GRS framework is particularly suitable to tease out the marginal effects of specific data releases that are announced regularly at certain times of the month (Banbura et al., 2013) .
The Dynamic Factor Framework
This approach utilizes a dynamic factor model in a state-space form to summarize the common information from a large number of explanatory variables with potentially mixed frequencies and varying patterns of missing data.
Let x t be a N × 1 vector of observed independent variables for time period t, and let F t be a r × 1 vector of latent factors representing the state of the economy.
The latent factors drive both the concurrent evolution of the explanatory variables and the future evolutions of the latent factors themselves. This relationship is summarized in a state-space model as follows:
where ξ t is an N × 1 vector of variable-specific innovations, Λ is an N × r matrix of factor loadings, A is an r × r matrix with all roots of det(I r − Az) outside the unit circle, B is an r × q matrix of rank q, and u t is a q × 1 vector of common shocks. As is standard in the literature, we set r = q = 2.
Given the "jagged-edge" nature of the data, i.e., the varying missing data pat-terns in the large number of explanatory variables, especially toward the end of the sample period, estimation of the model is performed in two steps. In the first step, a fully balanced panel of the explanatory variables is created by discarding any observation toward the end of the sample period for which at least one variable is not observed. This is used to obtain preliminary estimates of the latent factors by principal components. These estimates are in turn used to estimate the parameters of the model. Given these estimates, in the second step, the Kalman smoother is used to compute the latent factors for the entire sample period, including those periods discarded in the first step. In this process, the Kalman smoother forecasts the latent factors for periods when the observations for certain variables are unavailable. Our variable of interest, a type of consumption expenditure, is assumed to be determined by the latent factors and possibly a lagged measure of consumer confidence. A simple OLS regression can be used to establish the link between consumption expenditure and these predictors, and to forecast future consumption expenditures given consumer confidence and forecasts of the factors. 8 To avoid the need to forecast consumer confidence to forecast consumption expenditures a number of periods ahead, we use lagged confidence measures in our model with the minimum necessary amount of lags.
This two-step procedure is necessary to deal with the jagged-edge data structure, which is caused by varying data release schedules and publication lags across all the explanatory variables. Such a data structure is unavoidable if no information is to be discarded when forecasting. For example, at the end of each month, the variables with a publication lag of one month will have one more observation in the data set than the variables with a publication lag of two months.
With the publication lag affecting the structure of the data set at any given time, there are three main determinants of the value of an explanatory variable in this context. The first determinant is the information content of the variable. If it contains only information that comes from other variables, in the sense that it is highly collinear with those variables, then the addition of this variable will not affect the estimates of the latent factors too much, and thus the forecasts made using these dynamic factors. The second determinant is the timeliness of the release of the variable. The shorter the publication lag, or the earlier its release date is within a month, the more useful the variable is likely to be. The last determinant is data revisions. Even though its effect on forecast accuracy is unclear, there should be no doubt that the role a variable plays in forecasting in real time cannot be fully revealed without considering the effect of data revisions.
Corresponding to the three determinants above, we conduct three exercises. In the first exercise, we examine the in-sample fit of the model with and without the entire series of a confidence measure. This exercise focuses mostly on the first determinant, the information content. In the second exercise, we attempt to reconstruct "snapshots" or "vintages" of the jagged-edge data set based on a stylized calendar of data release schedules and publication lags. Using this data, we examine the accuracy of consumption forecasts made with and without the latest release of a confidence measure while all the historical values of this measure are always in the data set. This exercise assesses the value of the timeliness of the data release and of the short publication lag of consumer confidence measures. In the last exercise, we construct real-time data sets as they were actually available to forecasters in the past, and use these data sets to examine the role of consumer confidence measures in real-time forecasting 9 . In addition to the two determinants considered above, this exercise accounts for the effect of data revisions on forecast accuracy. As before, we repeat all three exercises using both monthly and quarterly data.
Most of our explanatory variables come from the data set put together by GRS.
9 Note that for the Conference Board confidence series (the expectations index and the overall index), the final release for any given month first becomes available with the following month's preliminary release (unlike the University of Michigan measures, which are always available during the current month). To be consistent with the real-time nature of this exercise, we use the preliminary Conference Board data. To our knowledge, we are the first to employ these preliminary series.
This data set consists of nearly 200 macro variables for the US economy starting in January, 1982. These variables, most of which are at the monthly frequency, include real and monetary quantities, prices, and surveys. We construct all the variables used in the exercises in Section 3 and add them to their data set and we also remove the University of Michigan sentiment indices, the consumption expenditures, and real GDP. There are 172 variables in the resulting data set. Real time data for personal consumption expenditure and its components come from the 
Marginal Impact of Consumer Confidence on Forecast Accuracy
Using in-sample fitted values, we first measure the difference in mean squared errors (MSE) between models of consumption expenditure with and without the entire series of a confidence measure. This is the first exercise discussed above.
We do so for all possible pairs of confidence measures and types of consumption expenditure. The results are presented in Table 2 , where a relative MSE value that is smaller than 1 means that forecasts using consumer confidence too have a smaller MSE. These cells are shaded. In this and all subsequent exercises, we test the reported differences in MSEs using the Diebold & Mariano (1995) test with its small sample modification by Harvey et al. (1997) . 10 Whenever the difference between two competing MSEs with and without using a consumer confidence measure is statistically significant at 10%, we report the relative MSE in bold. We also report the RMSE of the benchmark model, i.e., without confidence measure, for monthly and quarterly model respectively.
We first confirm that the overall fit of our models are satisfactory, and the RMSEs of our benchmark models are similar to those of the models in the previous section. Adding a confidence measure improves the fit of all models, and quite often, this improvement is statistically significant. On average, adding a consumer confidence measure reduces the in-sample MSE by about 7%. The models of services and total consumption benefit the most from this addition, with reductions in MSE at 13% and 9% respectively. We also find that the improvements due to the addition of a University of Michigan sentiment measure are similar to those obtained using its Conference Board counterpart.
Quite clearly, the message from the previous section is not only confirmed but also reinforced here: Even when considered in a rich information context, confidence matters when forecasting consumption.
We then proceed with the second exercise, where we forecast consumption expenditure using a series of reconstructed data sets (with the first one ending in Jan. 1995) that reflect the varying data release schedules and publication lags across explanatory variables. Each month, for each pair of consumption and confidence, we make two sets of forecasts, one before we observe the confidence measure for that very month, and one after we observe it. By comparing the MSEs of the two sets of forecasts, we reveal the value of release timing and publication lag of the consumer confidence measures in forecasting consumption.
With quarterly data, we place ourselves in six different points in time every quarter, namely the day of each of the three months of the quarter when the confidence measure is released (last Tuesday of the month for the Conference Board confidence measure and last Friday of the month for the University of Michigan measure). On each of the three Tuesdays/Fridays, we make ten forecasts. Five of them (horizons 0 to 4) are based on the information set that includes this latest release of confidence measure, and the other five are based on the information set that does not. With monthly data, we make fourteen forecasts at the end of each month, seven of them (horizon 0 to 6) with the latest release of the confidence measure, and the other seven without. For both quarterly and monthly models, horizon 0 always refers to the current period (quarter/month), horizon 1 refers to the immediate next quarter/month, etc.
The results from this exercise are summarized in Table 3 , where a relative MSE value that is smaller than 1 means that forecasts with the latest value of confidence have a smaller MSE. observe that for both quarterly and monthly models, in 61% of the cases, the forecasts made with the latest confidence measure have lower MSEs (with the average improvement being about 2% in monthly models and 5% in quarterly models).
In most cases where an improvement in out-of-sample forecasting performance is observed, the dependent variable is either services or total consumption. This is consistent with the results from the previous exercise.
It should be mentioned here that the improvement we get when we include the latest value of confidence is often not statistically significant. However, let's recall that in this exercise the forecast improvements are based on an information set that is augmented in a very marginal way, i.e., with just one extra observation. Overall, even with this qualification, the broad picture that emerges from the results of this and the previous subsection is still one where confidence measures often lead to noticeable improvements in the accuracy of consumption forecasts. Such improvements can be attributed to both the information content of confidence measures and the timeliness of their releases. However, the effect of data revisions, i.e., the third determinant as discussed before, remains unaccounted for.
Forecasting Consumption in Real Time
In this exercise, we consider a more realistic setup, which allows us to examine the effect of all three determinants affecting the role of consumer confidence in forecasting consumption expenditure, i.e., the information content, the timing and lag of data releases, and data revisions. So, in contrast to the pseudo-real-time exercises of the previous subsection, here, we create a series of true real-time data with the GRS data set. 11 We repeat this exercise for both quarterly and monthly consumption data, just like with all previous exercises.
On each of the 79 Fridays (or Tuesdays) of our sample, we produce ten forecasts, similar to the second exercise in the previous subsection. performance (72% of the time for quarterly models, with an average improvement of 4.3% and 53% of the time for monthly models, with an average improvement of 2.6%). In 16% of all cases, this improvement is statistically significant; conversely, the instances in which adding a confidence measure leads to a statistically significant deterioration are very rare -only 4% of the time.
Of course, the same caveat applies here as with the previous exercise. We find it remarkable that augmenting such a large information set in such a marginal way (i.e., adding just one number) often leads to noticeable improvements in the forecasts. Still, the obvious next step is to examine, in this realistic context as well, the effect of the entire confidence variable on the forecasts. Table 5 reports the results from an exercise where forecasts based on information sets that include a confidence variable are compared to those based on information sets without any confidence measure. Thus, this exercise considers the value of the complete time series of the confidence measure against the scenario where the consumer sentiment never existed at all. The evidence is overwhelming: In 100% of the time for quarterly models, adding a confidence measure leads to improvements (with an average improvement of about 27%). Similarly, for monthly models, adding a confidence measure leads to improvements in 88% of the time (with an average improvement of 9%). In 55% of all cases, this improvement is statistically significant, while deteriorations that are statistically significant are very rare -only 1% of the time.
Two additional observations are in order here, as they relate to patterns that repeat in both this and previous exercises. First, looking across components of personal consumption expenditures, we note that most of the sizable improvements to the forecasting performance are for models of services and total consumption.
Second, regarding the effect of data frequency on forecast accuracy, quarterly consumption data exhibit a bigger effect from the addition of confidence than the monthly models do, primarily because the latter is significantly more volatile than the quarterly series.
Overall, the main results from these real-time exercises strongly establish the positive and significant effect of consumer confidence measures on the accuracy of consumption forecasts.
CONCLUDING REMARKS
In this paper, we reexamine the role of consumer confidence surveys in forecasting personal consumption expenditure. Existing models in the literature rely mostly on simple regressions and are limited in terms of data frequency, data vintages, and number of predictors used. So, in a first step, we revisit and extend these models using both quarterly and monthly data, both in real-time and using revised data vintages. Our exercises provide concrete evidence, in a more realistic and general context, of the notable contribution of confidence measures to the in-sample fit of personal consumption expenditure.
We then further consider the ability of confidence to forecast consumption in 20 a even more robust way that accounts for data frequency and vintage issues in a rich information context. We use a dynamic factor model with nearly 200 explanatory variables in a real-time jagged-edge data set. In this framework, we first examine the effect of the whole confidence series on the in-sample fit. Then, we examine the contribution of the latest release of consumer confidence measures on out-of-sample forecast accuracy, accounting for varying release schedules and publication lags for all explanatory variables. Lastly, we perform our most realistic forecasting exercise that helps to unveil the real-time effect of consumer confidence on the consumption forecasts. The results from our analysis establish that measures of consumer confidence in general make a notable and positive contribution in forecasting personal consumption expenditure.
Note that one of the central implications of PIH/RE is that current consumption should reflect all available information in real time, and hence its growth should be independent of all dated information including sentiment. Using household data underlying the ICS matched to Consumer Expenditure Survey, Souleles 
